Introduction
Confocal Microwave Imaging (CMI) systems for breast cancer detection require two stages of processing: early-stage artifact removal and image reconstruction [1] . The early-stage artifact is typically composed of the incident wave, combined with the reflection from the skin-breast interface and some residual antenna reverberation. If artifact is not effectively removed, it could mask any tumours present within the breast. Most artifact removal algorithms remove the artifact from a particular channel by estimating the artifact signal from the other channels. The variation between signals received at other channels greatly affect the ability of algorithm to produce an accurate estimate of the artifact. A comprehensive comparison of early-stage artifact removal algorithms for microwave imaging of breast has been presented in [2] . The main conclusions from the study are that algorithms such as the average and the rotation subtraction method do not work well when there is a variation between channel artifacts. Conversely, filter-based methods are more robust to the variation in between-channel artifacts, but the window containing the artifact must be known a-priori. The entropy-based method estimates the window containing the artifact, but often introduces distortion into the tumour response.
A Hybrid Artifact Removal (HAR) algorithm has been proposed in [3] , which combines the entropy-based approach and the Wiener filter algorithm to effectively remove the artifact while preserving the tumour response. The HAR algorithm has shown robustness to the variation in the artifacts but it has only been tested in monostatic scenarios. The variation in the monostatic signals is primarily due to the variation in the skin shape and the skin thickness. In contrast, the multistatic signals exhibit greater variation not only due to the varying skin shape and the thickness but also due to the different propagation distance between transmitting and receiving antenna. Most of these artifact removal algorithms have been solely used with monostatic radar signals, with the exception of the rotation subtraction algorithm [4] . However, the rotation subtraction algorithm is specific to the geometry of hardware prototype for breast cancer imaging reported in [4] . In this paper, a novel multistatic artifact removal (MAR) algorithm is proposed. The proposed algorithm extends the HAR algorithm used for monostatic signals [3] to the more challenging scenario of multistatic signals. In the HAR algorithm, the artifact-dominant portion of the signals is estimated using the entropy-based approach and the artifact is then removed by a Wiener filter. In the multistatic artifact removal alogrithm, the signals containing similar early-stage artifacts are adaptively grouped together based on the entropy-based method, and each group is separately processed through the HAR algorithm in order to remove the artifacts while preserving the tumour response. The MAR algorithm allows inclusion of multistatic signals in the imaging in addition to the monostatic signals. The combined monostatic and multistatic (CMM) imaging approach improves the imaging quality compared to monostatic-only imaging approach. The block diagram of the proposed method is shown in Fig. 1 . The algorithm is evaluated using anatomically and dielectrically accurate 3-D Finite-Difference Time-Domain (FDTD) breast models and a range of appropriate performance metrics. The remainder of the paper is organised as follows: Section 2 describes extension of the hybrid algorithm to multistatic artifact removal; Section 3 describes experimental setup and 3D numerical breast phantoms; Section 4 details various tests applied to the artifact removal algorithm and corresponding results; finally, conclusions and suggestions for possible future work are discussed in Section 5.
Multistatic Artifact Removal
The general assumption about the musltistatic signal acquisition approach is that an increased number of radar signals provide more information about strong scatterers present within the breast. However, the improvement in the multistatic images may not be incremental as each additional multistatic signal is added [5, 6] . The selection of good quality multistatic signals for multistatic imaging can significantly improve the overall imaging provided the early-stage artifacts can be effectively removed.
The HAR algorithm has shown promising results when applied to monostatic signals due to the similarity of the monostatic artifact in all channels ( Fig. 2 (a) ). However, it cannot be directly applied to the multistatic signals due to greater variation in the artifact (Fig. 2 (b) ). The channel to channel variation in artifact depends upon the propagation path of the signal between the transmitting and the receiving antennas, which makes it more challenging to estimate and remove the artifact. However, it is possible to identify and group the multistatic signals having similar artifacts so that the HAR algorithm can be separately applied to each group.
The performance of HAR is dependent on the degree of similarity between the signals in each group, which may vary across all signal groups. This is due to the fact that the Wiener filter estimates the artifact in a particular channel based on the artifact present in all other channels. If there is greater variation in the artifacts in the other channels, the estimated artifact will be less accurate. The greater variation in the artifacts also affects the artifact-dominant timewindow estimation. Therefore it may not be possible to effectively remove the artifact from each signal group and it is important to adaptively select only those signal groups where the artifact can be effectively removed in order to achieve better quality images. The signal grouping is based on the spacing between the transmitting and receiving antenna pair. The initial signal grouping is similar to the grouping described in [6] . Let b (i,j) be the backscattered signal recorded at antenna j, where i is the index of the transmitting antenna, j is the index of the receiving antenna, i = 1, ..., N , j = 1, ..., N and N is the total number of antennas in the array. The signals of the form b (i,i) are the monostatic signals with similar early-time artifacts, and therefore can be combined into one group. The earlytime artifact is expected to be also similar for the signals of the form b (i,i+k) and b (i+k,i) where i + k ≤ N and i is the index of the transmitting antenna, hence a total number of L groups can be formed [6] .
Signal Grouping Method
The similarity between signals in each group is dependent on the spacing between transmitting and the receiving antenna pair and the distance from the skin. For example, the transmitting-receiving antenna pair (1, 2) and (6, 7) have identical spacing and a common distance from the skin. Therefore the skin-artifact in the signals b (1, 2) and b (6, 7) is similar, as shown in Fig. 3b . It can be seen that the degree of similarity between signals of the form b (i,i+1) is not identical but very similar to the monostatic signals whereas it decreases with increasing k, as shown in Fig. 3c (where k = 2) and Fig. 3d (where k = 3). This decrease in similarity can be attributed to increased spacing between the transmitting-receiving antenna pairs and the varying shape of the breast with increasing k. The decrease in similarity directly effects the performance of the HAR algorithm which is independently applied to each signal group.
Adaptive Signal Selection
The authors propose an entropy-based method to adaptively select the useful signal groups from a total of L groups and signals within each group, in order to achieve better Signal-to-Clutter (S/C) ratio in the resultant multistatic images compared to a monostatic image formation approach. In the proposed algorithm, entropy is used to measure the degree of similarity between signals within each group, and compared with other groups in order to select useful multistatic signals. The similar artifacts in the early portion of the radar signals result in a larger value of entropy, whereas much lower entropy values are obtained from the tumour reflections. The α−order Renyi entropy [7] is defined as:
where α is a real-positive, p i [n] is the normalized probability density function created by normalizing each radar signal within each group and Q is the total number of signals within the group. The entropy changes from log Q (for similar early-time signals) to zero (for variations in late-time signals). Thirdorder entropy is typically defined for a broad class of signals [8] , therefore α = 3 is used in this study.
where H 
D[n]
provides the degree of similarity between signals within a group of signals [9] . As expected, the highest degree of similarity is exhibited by the monostatic signals. Therefore, computed D[n] for monostatic signals is used as a benchmark to decide if the degree of similarity between signals in each group is sufficient to effectively remove the artifact from each group. The D[n] for each subsequent signal group is then computed and correlated with the D[n] of the monostatic signals group. The signal groups with correlation coefficient above a specific threshold are selected (with the threshold chosen empirically), whereas the remaining groups are ignored. The signals included within each group of the form b (i,i+k) and b (i+k,i) is also decided on the basis of the correlation coefficient. Any signal negatively affecting the correlation coefficient of that specific group is excluded from the group, and hence only a subgroup of the multistatic signals is selected for use in the image formation process. Once the signal groups and the signals within each group have been selected, each group is separately processed through the HAR algorithm to remove the artifact. Finally the artifact removed signals are processed through the beamforming algorithm to produce the final breast image.
Experimental Setup and Performance Metrics
The breast models and the antennas used are simulated using the FDTD method. The numerical breast models used in this study are based on the MRIderived breast phantoms available from UWCEM MRI breast cancer repository [10] . These MRI-derived breast models are anatomically realistic and provide realistic heterogeneity as well as realistic distribution of various tissues within the breast. The dielectric properties of normal and malignant breast tissues are incorporated using Debye models and are based on the studies by Lazebnik et. al. [11] .
An antenna array consisting of two rings of Hertizian dipole antennas is positioned around the breast. Each antenna ring contains 25 antenna elements and each antenna is placed at approximately constant distance from the skin as shown in Fig. 4 . Each antenna transmits a 6.0 GHz differentiated Gaussian pulse with a -3dB bandwidth of 5 GHz and a backscattered waveform is recorded at each of the antenna in the array.
Four breast models with different degree of radiographic density have been considered. A 15mm tumour model is placed at different locations within each breast model. Table 1 describes the radiographic density of each breast model and corresponding tumour locations. The performance of the artifact removal and the imaging process has been evaluated using three performance metrics. The Peak-to-Peak Response Ratio (PPRR) is defined as the ratio of the peak-to-peak magnitude of the artifact prior to the application of the artifact removal and following the artifact removal. The PPRR is applied to the raw signals and it quantifies the artifact removal from a particular channel. The PPRR independently evaluates the performance of the artifact removal algorithm. The Signal-to-Mean Ratio (S/M) and Signalto-Clutter ratio (S/C) are computed from the reconstructed breast images. The S/C is defined as the ratio of the tumour energy to the strongest clutter energy in the image and it measures the quality of the reconstructed breast image. Finally, the S/M is defined as the ratio of peak tumour energy to the average energy within the reconstructed breast image.
Results
In order to demonstrate performance of the multistatic artifact removal algorithm and to compare the imaging results with the monostatic approach, both monostatic and multistatic backscattered signals are first obtained from the breast model M0 with tumour located at position (60 mm, 55 mm, 80 mm). all signals of the form b (i,i+k) where k = 0, 1, 2, 3 and k = 0 is the monostatic group. The artifact-dominant time-window for each group is estimated using the maxima-minima approach [3] . The early-time artifact is present in the early-time part of the signal before any reflections from the interior of the breast. Therefore, the early-time part of the function D[n] is used to estimate the artifact-dominant time window. Firstly, the maximum of the function D[n] is computed. Next, the artifact-dominant time window is defined from the start of the signal to the location of the local minimum that: (a) is adjacent to the maximum; (b) follows the maximum; (c) and that is significantly lower than the maximum. It can be observed from Fig. 5a that there is a significant difference between the first maxima and the adjacent minima of D[n] computed from the monostatic signals. However variation in D[n] increases in the multistatic signals group with an increase in k (Fig.5b-5d) .
The increased variation in D[n] is indicative of a corresponding variance in Algorithm 1 Pseudocode to estimate the artifact-dominant time window
if minimum is adjacent to the maximum and minimum follows the maximum and minimum is significantly lower than the maximum then m 0 ← location of the minimum window ← 1 : m 0 end if multistaic signals. It becomes difficult to estimate the correct artifact-dominant time window based on the maxima-minima approach. The difficulty is obvious from a closely located maxima-minima in Fig. 5d . In order to obtain artifact free signals, each group of signals is separately processed through the Wiener filter, after the artifact-dominant time-window has been estimated for each group.
Time-domain signals obtained after artifact removal have been plotted in Fig. 6 (one from each signal group i.e for k = 0, 1, 2, 3). The corresponding ideal tumour signals are also shown for the comparison. The ideal tumour signals are produced by subtraction of the radar signals acquired from with-tumour and tumour-free homogeneous breast models. It can be observed from Fig. 6a-6c that the early-stage artifact has been significantly reduced while the tumour response is preserved in the monostatic signals and multistatic signals of the form s (i+k,i) , where k = 1. There is still some residual artifact that can be compensated for by incoherent addition at the beamforming stage. However, the residual artifact in the multistatic signals of the form s (i,i+k) , where k = 2 is slightly greater compared to the monostatic group and the multistatic group with k = 1, and it is worst in the case of multistatic signals of the form s (i,i+k) , where k = 3 (Fig. 6d) .
The poor performance of artifact removal for the signals of the form s (i,i+k) where k = 3, can be attributed to the ambiguity in the artifact-dominant window estimation. Another factor is the poor artifact estimation by the Wiener filter due to greater variation among signals within this group. Therefore, the group containing signals of the form b (i,i+k) where k ≥ 3 must be excluded from the image formation process. Inclusion of such groups will contribute negatively towards the S/C ratio in the final image. This information is not known prior to application of the artifact removal. However it can be predicted based on the entropy-correlation method proposed in Section 2. Fig. 7a shows the correlation coefficient (r) computed by the correlation of D[n] of each multistatic signal group (for k = 1, 2, 3) with the D[n] of the monostatic signals group. It can be seen that the highest correlation coefficient is obtained from signal groups containing signals of the form b (i,i+k) where k = 1, 2 and it significantly drops for k > 2. This correlates with the results shown in Fig. 5 .
Hence the correlation coefficient can be used to limit the number of signal Figure 6 : Time domain signals after artifact removal: (a) the monostatic signal s (16, 16) ; (b) the multistatic signal s (16, 15) ; (c) the multistatic signal s (9, 11) ; (d) and the multistatic signal s (3, 6) .
groups that should be included in an image formation process in order to improve the S/C ratio. The Modified Delay-and-Sum beamformer (MDAS) is used to obtain the monostatic and the CMM images following the proposed artifact removal algorithm [12] . However, the artifact removal algorithm can be used with any beamformer. The CMM images are generated by varying the threshold of the correlation coefficient shown in Fig. 7a and the image quality metrics (S/C and S/M) are computed from the resultant images. The S/C is plotted in Fig. 7b as a function of the total signals used to obtain the CMM images. Different threshold values of the correlation coefficient allow a different number of multistatic radar signals to be included in the image formation process. It can be observed from of 48 multistatic to the 25 monostatic signals (total 73 signals) results in the improvement of S/C ratio from approximately 44dB to 54dB.
Further relaxing the threshold value allows more multistatic signals to be used in the imaging process which further improves the S/C ratio. Peak S/C is achieved at a threshold value of 0.88 allowing 119 multistatic signals to be used in the image formation process. There is no advantage in using any additional multistatic signals. These additional signals may reduce the image quality as shown in the Fig. 7b at a threshold value of 0.82. It should also be noted that a significant improvement in S/C is achieved compared to the monostatic signals with a threshold value as high as 0.90. Therefore, using a higher value for the threshold would still improve the S/C compared to using monostatic signals alone. The algorithm is then applied to the heterogeneous breast models in order to evaluate the robustness and the effectiveness of the algorithm in presence of realistic heterogeneity and fibroglandular tissues. Fig. 8-10 show the coronal view of all FDTD breast models and the corresponding beamformed images following the application of the proposed artifact removal algorithm. The improvement in image quality can be observed by comparing the monostatic and the CMM beamformed images in each figure. In particular, the advantage of the CMM imaging is illustrated in images of the breast model M5. The monostatic imaging fails to localize the tumour due to limited monostatic data as shown in Fig. 9e . However, the tumour can be detected with small localization error in the CMM image when multistatic data is also used in addition to the monostatic signals (Fig. 9f) .
The localization error in the images with higher density of fibroglandular tissues can be largely attributed to the imaging algorithm that uses the assumed constant propagation velocity of the microwave signals during image reconstruction process. The tumour localization can be improved by estimating the average relative permitivity of the breast using time of flight measurements [13] , transmission measurement system [14] or by integrating the 3D permitivity model of the breast as a-priori information into the imaging algorithm [15] . Table 2 illustrates performance of the CMM imaging in terms of PPRR, S/M and S/C. The images are obtained using the proposed artifact removal algorithm and a GPU accelerated version of MDAS beamforming algorithm [16] . The metrics are computed for each individual heterogeneous breast phantom and tumour location used to evaluate the algorithm. Similar metrics have also been computed for monostatic images. Analyzing Table 2 , the multistatic artifact removal followed by the CMM image formation process has shown an average improvement of over 50% in S/C and 23% in S/M, when compared to monostatic images. However, the PPRR value of the proposed alogrithm is slightly poorer than the monostatic HAR algorithm, as would be expected due to the greater variation in earlystage artifacts in multistatic radar signals. However, improvements in S/C and S/M values clearly indicate that residual artifacts have a negligible effect on the beamformed images. Overall, the CMM imaging supported by the proposed artifact removal algorithm consistently outperforms monostatic imaging.
Conclusions and Future Work
In this study, a novel adaptive multistatic artifact removal algorithm for microwave breast imaging applications is presented, which extends the monostatic HAR algorithm. Multistatic signals with similar early-stage artifacts are grouped together and an entropy-based method is used to adaptively select useful signal groups that will improve the imaging quality. The selected multistatic signal groups are then separately processed through the HAR algorithm in order to remove the artifact from the multistatic signals. The artifact-free signals are then used in beamforming to produce improved breast images compared to their monostatic equivalent.
The CMM images obtained after application of multistatic artifact removal are compared with the monostatic images. Results indicate that higher quality multistatic images can be obtained after application of the proposed artifact removal algorithm, from simple homogeneous to more realistic dielectrically heterogeneous scenarios. Future work will focus on the evaluation of the proposed alogrithm with other data-independent beamformers.
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